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Clinical trial data gathering,
contextualization, and
analysis all can benefit from
existing — but underutilized —
technologies and resources.
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clinical trial data quality, as well as poten-

tially reduce the costs and time investment
associated with traditional trial monitoring. But
advanced analytics are critically underutilized
in the pharmaceutical industry, particularly in
early-stage clinical trials, due to concerns over
the investment, in-house expertise, or regulatory
scrutiny, among other worries.”

P roperly applied, data analytics can improve

However, pharmaceutical sponsors face a mul-
titude of challenges that could be addressed
through better understanding and application of
analytics and data science. These obstacles include
collecting high-quality data, managing the volume
of data produced, and analyzing that data. Spon-
sors also are inhibited by the length of time need-
ed to clean and monitor data, plus inconsistent

access to meaningful, accurate data visualizations.
Through better understanding of these challeng-
es and the solutions available to overcome them,
the industry can progress to more efficient and
well-managed clinical trials whose results are
trusted by regulatory authorities.

SOURCE DOCUMENT VERIFICATION
DOES NOT GUARANTEE DATA
QUALITY OR ACCURACY

Ensuring data quality generally is pharma sponsors’
key pain point, followed closely by the time required
to conduct traditional data review. Despite electronic
data capture (EDC) and the availability of electronic
medical records (EMR), most clinical trials still rely on




on-site monitoring to verify data and detect quality
issues; however, on-site monitoring is slow, costly,
and does not provide a holistic view of the data.
Additionally, data comes into the trial from multiple
sources (e.g., medical records, local/central labs,
electronic patient reported outcome [ePRO] systems,
central adjudicators, etc.), so reconciling data in the
EDC system against these various sources of data
always constitutes a challenge. Even when the data
is harmonized, uncertainty often plagues clinical trial
teams regarding how to analyze or utilize that data
in real time.

Part of this uncertainty stems from the length of
time needed to clean and monitor data, a process
rooted in the antiquated paradigm of trial leadership
insisting on source document verification (SDV)/
on-site data monitoring. This leadership demand is
rooted in the faulty logic that on-site data monitoring
always affects data quality positively.

Consider the following real-life example: a promi-
nent pharma firm was conducting a high-enrolling
study that relied heavily on SDV to confirm primary
endpoint data before progressing to interim anal-
yses or database lock. However, once analytics

Advanced analytics are
critically underutilized in the
pharmaceutical industry,
particularly in early-stage

clinical trials, due to concerns

over the investment, in-

house expertise, or regulatory
scrutiny, among other worries.

were implemented (at the sponsor’s request), it was
discovered some data was not necessarily accurate,
despite being confirmed by a trained eye. The phar-
ma company erred in believing that having someone
look at the data ensured its accuracy; or more to the
point, the company erred in believing SDV ensured
the data was accurately captured.

On this trial, patients were stratified — assigned
to a particular treatment group in a blinded

study — in real time. Stratification was based on a
question in the interactive web response system
(IWRS): “Did the patient receive prior biological
therapy?” — a seemingly innocuous “yes” or “no”
question. But a faulty assumption was made: that
the person entering data (and stratifying a patient)
knew what constituted a biological agent. This as-
sumption led to multiple mis-stratifications across
numerous sites, many of them making the same
mistake more than once.

Although remote monitoring activities were imple-
mented to identify these types of errors, once a
mis-stratification occurs, it cannot be undone. Ad-
ditionally, the remote monitoring activities initially
implemented relied on manual comparison of
data across separate databases, a process prone
to error. Once the mis-stratifications became a
critical issue (threatening to potentially damage
the study'’s integrity), an advanced algorithm was
implemented to programmatically look at the data
to identify discrepancies. The algorithm allowed
the generation of report outputs that identified
actual and potential mis-stratifications, including
many overlooked during manual review.

Thus, the stratification step would have been ideal
for implementation of analytics, using the pa-
tients’ prior treatments to decide their treatment
group assignment, versus leaving the decision to
a human. Or, through use of real-time data cap-
ture - more accurately, algorithms that could have
been implemented to catch these discrepancies
immediately — the issue would have been flagged
sooner, leading to earlier intervention.




CONQUERING DATA
CONTEXTUALIZATION AND
ANALYSIS

Clinical trials often encounter difficulty in produc-
ing meaningful, accurate data visualizations. A
key challenge is the data engineers who program
visualization tools do not understand clinical
data, and often don't utilize proper data sets
when creating visualizations. Vendors hired to
provide visualizations rely on clinical trial teams
to explain which data must be captured and how,
as well as how it should be visualized. A funda-
mental disconnect exists between the clinical per-
son’s understanding of how programming works
and their ability to translate the science behind a
protocol to a programmer.

A more effective approach would comprise
having a subject matter expert (SME) in clinical
operations who also understands programming,
including its available tools and technologies.
However, this powerful combination is not an op-
tion for most pharma companies or CROs, either
due to a lack of such SMEs or due to the substan-
tial licensing fees associated with many brands
providing visualization services. In sum, things
are getting lost in translation and few translators
are available right now.

Still, clinical trial teams have options, including
open-source software platforms that can be down-
loaded and used by anyone free of charge. Sponsors
and their vendor partners already have the nec-
essary data and, with someone who can program,
could produce effective visualizations in-house with
no need to pay a licensing fee. For example,

is a popular open-source statistical software that
can produce visualizations, typically programmed by
a statistician or a statistical programmer. But team
members with background and training in data
science, who know how to use the R programming
language (or can figure it out), open endless pro-
gramming possibilities for clinical trials.

Data analysis, too, suffers from misconceptions: that
it can only be performed at set time points or at the
end of the study (timing), that such analyses can only
be performed by statisticians, and that expensive
licensing fees are the only recourse for most com-
panies. Data analyses can be performed using the
Python, R, and SQL programming languages across
several software platforms. RStudio is attractive for
this purpose, in lieu of alternatives that charge a
licensing fee (e.g., Tableau), because it is widely used
in the scientific community.

RStudio likely is not more widely utilized because
clinical trial SMEs do not know how to program in R.
They may not know how to clean data using anything
more advanced than MS Excel, putting them at a dis-
advantage when much more powerful and validated
tools exist. Python, RStudio, and PostgreSQL are pil-
lars in the scientific and data communities. Despite
being free, each is supported and regularly updated
with new versions, some including more advanced
Al tools — and free does not equal error-prone. Still,
wary organizations have several ways to manually
confirm outputs from open-source programs before
“trusting” the data and analyses they provide.

DE-RISK WITH DEPENDABLE DATA

Risk mitigation is an underlying principle in nearly
every clinical activity. In addition to reducing risk,
cost, and time investment resultant of miscaptured
or inaccurately presented data, advanced analytics
and data science can help identify fraud in a clini-
cal trial. Fortunately, such fraud is a relatively rare
occurrence, but it can destroy all the data from a
particular site.

For example, a recent high-enrolling study (~2,000
patients) included a quality-of-life secondary end-
point, captured electronically, allowing patients to
complete their questionnaires at home daily. ISG's
data scientist provided a heat map of overall compli-
ance by site, with green indicative of higher compli-
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ance and red indicative of less-compliant sites. While
overall compliance for the study was between 75%
and 80%, the highest-enrolling site stood out with
almost 100% patient compliance on the heat map.

It warrants mention that the study had been ongoing
for months when the heat map was created, so the
near fully compliant site was not an early anomaly.
Suspicious, we pulled the raw data set and looked

at timestamps associated with the completion of
patient diary entries: most entries had been com-
pleted within minutes of each other over that period
of several months. The statistical likelihood of that
happening organically, through patient completion
of the diaries, is essentially impossible.

The more likely explanation was that the site was fill-
ing out the diaries, a revelation that prompted a site
audit. The sponsor was pleased the issue was identi-
fied, as such holistic signals are not picked up using

traditional monitoring, despite their importance in
informing whether a site should be permitted to con-
tinue enrolling patients. The audit eventually led to a
full QA investigation of the site that revealed numer-
ous other issues. Thus, advanced analytics can pick
up signals that point to potential fraud, in addition to
trends in quality-of-life improvement or decline and
potential data quality issues.

FINAL THOUGHTS

Data gathering, contextualization, and analysis all
can benefit from existing — but underutilized —
technologies and resources. While the U.S. FDA has
indicated a desire? to see risk-based monitoring
(which may include data analytics and statistical
methods) applied to clinical research more exten-
sively, pharma organizations are not rushing to be
early adopters. They want to see what competitors




are doing first, but more important, they want to see
a company successfully leverage analytics on one or
more trials that lead to FDA approval.

To learn more about the application of advanced
analytics and data science to clinical trials — in addi-
tion to, or in lieu of, manual data review — visit us at

It stands to reason that regulators would want to
see redundancy in these early submissions: more
traditional evidence that objectively confirms the
findings of data and analytics cited in the submis-
sion. However, those initial sponsors inevitably raise
their time, cost, and labor investment by having to
create that redundancy. Nonetheless, a trial's clinical
operations aspect (i.e., monitoring) often monopo-
lizes 60% or more of its overall budget, not including
pass-through costs (e.g., airfare, hotel, and meals for
on-site monitors). If that percentage can be reduced
even by a small amount, the trial's cost is significant-
ly reduced by minimizing the on-site time typically
required by leadership driving the project.
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Unified in our passion to bring therapies and an improved quality of life to patients around the world, we will only provide
solutions that increase speed and efficiency in making available life-changing treatments to the patients we serve.

We build the foundation for success by assembling an elite team for every client, every time. Every team member has a
mutual passion and an insatiable desire to share in offering hope and making a difference for the patients we serve during
their fight for a better, longer life.

We believe that only teams of functional experts, who share personal attributes of excellence and grit, can deliver transpar-
ency, precision, and certainty to an industry that is rife with complexity and disappointment.
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